Introduction
Non-invasive measurement through a transparent or semitransparent surface is required in many analytical applications. Examples include verification of packed products on the market, inspection of flammable and explosive material for security agencies, process monitoring and probing of tissue for dermatology. [1] [2] [3] The measured samples consist of several layers, and the number of layers varies according to the application. Among them, a two-layer system is a common object of investigation. The type of applications includes the non-invasive measurement of liquid in a container and powder in a bottle.
Raman spectroscopy holds a particular promise in this area. To enhance its ability for deep layer detection, a number of variations have been proposed, including Kerr gating, spatially offset Raman spectroscopy (SORS) and transmission Raman spectroscopy. [4] [5] [6] However, in many cases, the fluorescence or Raman signal originating from the surface material is orders of magnitude greater than the signal of the probed material. Its contribution could not be neglected in either conventional backscattering Raman or specially designed Raman methods. The recovery of subsurface Raman spectrum is required.
There are two major challenges for the Raman spectral recovery. First, strongly overlapped bands are common in Raman spectra. In many instances, one can not find identifiable bands for each layer. Second, the unstable and intense fluorescence from both surface and subsurface layers complicates the spectral recovery procedure.
A number of methods have been proposed to perform the spectral recovery. Self modeling curve resolution (SMCR) was highlighted for its ability to explore the multi-component phenomena in a set of spectra. 7, 8 It could reconstruct the pure component spectra from mixed spectra without prior knowledge. However, to generate reliable results, one requires a considerable number of samplings. Scaling and subtracting strategy is an alternative approach. The method is simple but quite effective. To extract the spectrum of the probed sample, one scales the surface layer spectrum by a scaling factor and then subtracts it from the mixed spectrum. Determination of the scaling factor is the core of the method. There are several ways to determine the scaling factor. It could be obtained by ratio analysis of the height or area of a specific Raman band. The area of the subtracted spectrum is provided as the criterion for optimizing the scaling factor. 9 But high fluorescence and overlapping of Raman bands are the main obstacles that hamper its application. Another way to subtract the surface signal is based on iteratively polynomial fitting presented by Beier and Berger. 10 It addressed the issue of fluorescence and has been proven to be effective in biological applications, but still, it did not resolve the overlapping.
Recently, a promising method called indirect hard modeling (IHM) has been proposed to perform signal separation. [11] [12] [13] It utilizes the shapes of individual Raman bands and finally generates physically reasonable spectra for all components. In this method, all the spectra were modeled as a series of parametric functions superimposed on a straight baseline by mathematical optimization. Then the raw spectra of known components were substituted in place of the parametric functions and subtracted from the spectrum of the probed sample. The method is especially suited for modeling the strong overlapping and nonlinear effects in a spectrum. Its applications include quantitative spectroscopic measurements of mixtures, identification of unknown pure component spectra, and analysis of reactive and interacting mixtures. However, while applied to Non-invasive Raman spectroscopy has been used in an increasing number of applications in recent years. However, in situations where surface signal is excessive, the acquired spectrum of probed sample suffers from surface interference in either conventional backscattering Raman or specially designed Raman methods. A computational method for Raman spectral recovery is required. Strong overlapping of Raman bands and intense fluorescence are the main obstacles that hinder the spectral recovery. In this paper, we present a modified version of an indirect hard modeling algorithm to extract the true Raman spectrum of the probed sample in a two-layer system. The proposed algorithm requires two spectra. By an iterative stepwise optimization, it models one spectrum as a combination of a scaling of the other spectrum, a polynomial baseline and the Raman peaks of the probed sample. It addresses the issue of Raman bands overlapping as well as intense fluorescence interference. The performance of the algorithm is evaluated on experimental Raman spectra. Comparative studies show that the proposed algorithm provides better results for Raman spectral recovery. signal recovery for non-invasive Raman measurement, it has two limitations. First, the pure surface spectrum, which is required by the IHM, is difficult to obtain in many cases. Second, baseline estimation is an important issue in signal separation. In situations where fluorescence is intense, using a straight line to model the baseline is undesirable. However, incorporating a polynomial higher than second order into the global optimization degrades the result of IHM. Although it is claimed that the Lorentzian bands with their extended wings have a high correlation with the polynomial baseline, 11 the method requires extra manual work.
In this paper, we present a modified indirect hard modeling (MIHM) algorithm to eliminate the surface interference as well as fluorescence for non-invasive Raman measurements of two-layer systems. It requires two spectra and models one spectrum as a combination of a scaling of the other spectrum, a polynomial baseline and the Raman peaks of the probed sample. Unlike the IHM method, the MIHM models only one spectrum and separates the baseline estimation from the model generation by alternative estimation. The algorithm resolves the overlapping of Raman bands and is capable of dealing with intense fluorescence, generating results with high correspondence to the true Raman spectrum of the probed sample.
Modified Indirect Hard Modeling
The pure Raman spectra for surface and subsurface layers are intrinsically independent. But in many cases, due to the measurement difficulty, the acquired Raman spectra contain both surface and subsurface signals. To extract the Raman spectrum of the subsurface layer, MIHM requires two acquired spectra with different relative intensities between the surface and subsurface layers. In this context, the subsurface layer refers to the probed sample. The acquired spectra could be expressed by a weighted combination of surface Raman spectrum Isurface, the Raman spectrum of probed sample Isample and the baseline:
(1)
where X and Y denote the acquired spectra with different relative intensities, and the contribution of surface signal is higher in X than that in Y. The BX and BY are baselines, a1, a2, a3 and a4 are the scaling factors. The scaled Raman spectrum of the probed sample can be derived from Eqs. (1) and (2):
To extract the Raman spectrum c1Isample from the acquired spectra, one must determine a scaling factor c2 and the baseline B. The simplest way to address the issue is the least-squares parameter estimation of the right side of Eq. (3) after baseline subtraction. This leads to an over-fitting of the spectrum. An enhanced version of the method is to impose a non-negativity constraint to the least squares fitting. The result is much better but still significant local deviations are observed.
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Adopting an iterative stepwise optimization, the MIHM separates the estimation of the Raman bands and the baseline. In the procedure, the shape of surface signal is retained by a scaling of the raw spectrum in numerical form.
The shapes of individual Raman bands are Lorentzian profiles in essence.
But due to instrumental effects or sample characteristics, the acquired signal of a single band has a Voigt profile, which is a convolution of a Gaussian and a Lorentzian profile:
where the parameter ν refers to the wave number, and θ = (ω, α, γL, γG) T , the peak center ω, the height α, half width at half-maximum (HWHM) of Lorentzian profile γL and HWHM of Gaussian profile γG. The function could not be evaluated in closed form. In this paper, a rapid approximation to the Voigt function is adopted. 14 The accuracy of this approximation is one part in 10 6 . Ideally, the Raman spectrum of the probed sample can be modeled as a series of Voigt functions superimposed on a baseline. In IHM, 11 all the spectra are modeled. Since there are no intermolecular interactions between the layers in non-invasive Raman measurement, the acquired spectrum is a linear combination of the signal originating from each layer. Due to this evident linearity, the acquired spectrum X, which has a higher contribution of surface signal, is not modeled in MIHM. So the acquired spectrum Y is modeled as:
where B(ν, β) denotes the baseline approximated by a low degree polynomial, X is the acquired spectrum in numeric form, and c2 is the scaling factor to be determined. And the Raman signal of the probed sample is modeled as a sum of K Voigt functions. The parameter vector θ = (θ1 The baseline is modeled as a p-order polynomial:
Parameters that are to be determined in modeling include Voigt function parameter vector θ, polynomial coefficient vector β and the scaling factor c2. Designing an objective function and simultaneously optimizing all the parameters is high risk work. To overcome the limitation, MIHM follows an iterative stepwise approach.
The flow chart of MIHM can be seen in Fig. 1 . Basically, the model in Eq. (5) is divided into two parts. The first part is the polynomial baseline and the second part is the Voigt peaks with scaled X. Since we assume no prior knowledge of the spectrum of the probed sample, following the way of IHM, the Voigt peak is added gradually. The following steps correspond to the flow chart in Fig. 1 .
Step 1: At the beginning, the scaling factor c2 is initialized by least-squares fitting of the acquired spectrum X to Y. No peak is added to the model. The baseline is initialized by fitting a p-order polynomial to Y -c2X.
Step 2: Two estimation steps, estimation of the Voigt peaks with scaled X and estimation of the baseline, are performed alternatively. To estimate the Voigt peaks with scaled X, the baseline B is subtracted from the spectrum Y previously. This estimation procedure is a nonlinear least squares optimization as Eq. (7). The Levenberg-Marquardt algorithm can be applied to solve this problem. 
Step 3: When the optimization is completed, a new baseline B is calculated by least-squares fitting of a p-order polynomial to the residual r as Eq. (8) . It can be solved by classic least-squares fitting.
Step 4: The root-mean-square (RMS) of the difference between the fitting error ei at iteration i and ei-1 at the previous iteration is checked. The fitting error e is defined by Eq. (9). If it is above the threshold σ1, go to step (2), the estimation of the Voigt peaks with scaled X is re-performed. Otherwise, go to step (5) .
Step 5: The RMS of the fitting error e in Eq. (9) is checked. If it is less than the threshold σ2, the iterative procedures end, go to step (7) to extract the Raman spectrum of the probed sample. Otherwise, go to step (6) to add a peak.
Step 6: Following the strategy of IHM, a new Voigt peak is added at the position of the highest fitting error e. Then, go to step (2) . The estimation procedures are repeated.
Step 7: The Raman spectrum of each probed sample is finally modeled as a series of Voigt functions. Losing details of the spectrum is undesirable, so the recovered Raman spectrum of the probed sample is obtained by Eq. (10) .
The thresholds in steps (4) and (5) are important for MIHM. The root-mean-square of error (RMSE) is widely used as the termination criterion in curve fitting. Suppose the maximum of the peak height is around unity, Maddams 16 has stated that the fitting of infrared or Raman spectrum is considered as good if the RMSE is below 0.005. Alsmeyer and Marquardt 17 cited the conclusion and applied it to model both the infrared and Raman spectra. In this paper, the RMSE is also applied as the termination criterion for the modeling procedure, and we choose σ2 = 0.005 as the threshold. However, in alternative estimations from steps (2) to (4), the difference of the fitting error is more reasonable to serve as the criterion. The threshold value is empirically determined as σ1 = 0.001. And we found it will generate qualified results for all the data that we have tested, whether experimental or simulated. The alternative estimations can also be terminated if the iterations reach a maximum number set by the user. Figure 2 shows an example. The simulated pure Raman spectra of probed sample and surface layer are composed of Voigt peaks ( Fig. 2A) . Since the probed sample is packed by the surface layer, the pure Raman spectrum of the sample is not accessible. If one uses non-invasive Raman techniques, the acquired Raman spectra of the probed sample will contain surface interference. Two acquired spectra with different relative intensities between the sample and surface layer are synthesized (Fig. 2B) . 18 The MIHM begins with the initialization of the scaling factor c2 and the baseline B. At this point, the alternative estimation procedure is performed without peaks in the model. Then a Voigt peak is added at the position of the highest fitting error according to step (6) . This brings about the beginning of a new alternative estimation procedure with a model that has one Voigt peak. Figures 2C and 2D illustrate steps (2) and (3), respectively. When the convergence is reached, a second Voigt peak is added. At the end of the modeling procedure, three Voigt peaks are in the model (Fig. 2E) . To evaluate the result, one compares the extracted spectrum with the pure Raman spectrum of the sample. Both the spectra are normalized by the maximum height (Fig. 2F) .
Implementation
The algorithms were implemented in MATLAB (Ver. 7.8.0 (R2009a)) environment. The approximation of Voigt function and its partial derivatives 14 were implemented using C++ and complied by Microsoft Visual C++ 2005 compiler. All the computational tasks were executed on an Intel E4600 Core 2 Duo 2.40GHz with 2GB of RAM, Windows XP sp2. Typically, it costs about 10 s to generate 20 peaks for the model.
Experimental

Non-invasive Raman measurement scheme
Two spectra are needed to extract the Raman spectrum of probed material for MIHM. In SORS, the two spectra are acquired by altering the spatial offset between the probe launch point and the collection point. 5 While using the conventional backscattering Raman system, the spectra can be acquired by different positioning of the probe as a defocused collection system. 19 In the first step, the offset between the focus lens and the surface is set to the focal distance of the lens. So the laser beam is focused on the surface. In the second step, a spectrum is acquired by setting the offset to zero. Although both of the spectra contained signals from surface and subsurface, the relative intensity varies. In this paper, we adopt the conventional backscattering Raman system to demonstrate the proposed algorithm.
Two experiments were carried out to validate the proposed method. In the first experiment, commercial gasoline was contained in semi-transparent plastic bottles. We extracted the gasoline spectrum, and then validated the result by comparing the extracted spectrum with the uncontaminated spectrum.
In the second experiments, 8 bio-gasoline samples with known methanol content were contained in brown glass bottles. The true Raman spectra of the bio-gasoline sample were extracted. As there has been an increasing interest in identifying bio-gasoline contents by spectroscopy, 20 the extracted spectra were applied to a quantitative determination of methanol content using PLS (partial least-squares) model. The model was built by 24 calibration samples acquired in quartz cuvettes. And the latent number in PLS was chosen by leave-one-out cross-validation of the calibration samples. Finally, the predicted methanol content for each test sample was compared with the known value.
Apparatus
The apparatus was configured as follows. Spectra are recorded using a fiber-probe-based Raman system. The excitation beam was generated by a temperature stabilized diode laser operating at 785 nm and 495 mW (B&W Tek, USA). The laser is coupled to a 105-μm core diameter excitation fiber contained in an optical probe (InPhotonics, USA). Each Raman signal was collected using a diameter lens with a focal length of 8.1 mm built in the probe. Then the signal was delivered to a spectrometer (QE65000, Ocean Optics, USA) by a 200-μm core diameter fiber. A vendor-provided metallic sheath was used for precise positioning of the probe. The spectrometer was configured with a 50-μm slit, a 1200 lines/mm grating and a deep-depletion, back-illuminated, thermoelectrically cooled CCD detector of 1024 × 58 pixel count. The resolution of the spectrometer is 5 cm -1 at 1000 cm -1 Raman shift.
Samples
The thicknesses of the semi-transparent plastic bottle and the brown glass bottle are 3 and 5 mm, respectively. So the measured samples consisted of two layers. The surface layer is the bottle wall and the subsurface layer is the gasoline or bio-gasoline. The two types of bottles are chosen to represent different situations of acquired spectra with medium and high surface signal interference.
In the first experiment, 93# commercial gasoline was measured. In the second experiment, 24 bio-gasoline samples in quartz cuvettes with varying methanol content were used as a training set for the calibration model. Then 8 test bio-gasoline samples with known methanol content contained in brown glass bottles were used to evaluate the proposed method.
Raman measurement
The spectrum X in Eq. (1) and spectrum Y in Eq. (2) were acquired with laser beams focused on surface layer and subsurface layer (gasoline or bio-gasoline), respectively. To guarantee the focal spot just on the surface layer in the first step, we mounted a vendor-provided metallic sheath on the probe shaft. For the semi-transparent plastic bottles, both spectra were recorded with integration time of 20 s and 3 accumulations. For the brown glass bottles, the zero distance and focal distance spectra were acquired with integration time of 10 s 3 accumulations and 3 s 10 accumulations, respectively. All the acquired spectra above were corrected using a relative Raman intensity correction standard SRM 2241 (NIST, USA). 21 No preprocessing method is applied for spectral de-noising.
The reference spectra and the spectra of the 24 samples for building calibration model were acquired using a 1-cm path quartz cuvette with integration time of 10 s 3 accumulations. The baseline of reference spectrum was removed using a fifth-order polynomial fitting. Figure 3 shows the acquired two spectra of semi-transparent plastic bottles with gasoline. The major factor that hinders the spectral recovery is the overlapping of Raman bands. Two comparative algorithms, extended modified polynomial fitting and MIHM with a fifth-order polynomial, were applied to extract the Raman spectrum of gasoline. Figure 4 shows the results. Both the acquired spectra X and Y exhibit a sharp peak at v1 in Fig. 4 . According to the reference Raman spectrum of gasoline in Fig. 4A , the sharp peak at v1 was assigned to the plastic bottle exclusively. But it was based on a relatively broad band which belongs to the gasoline sample. The extended modified polynomial fitting algorithm did not notice that and simply maximized the scaling factor with non-negative constraint of the extracted spectrum. The artifact is observed at v1 in Fig. 4B . It indicates that there is an over-subtraction of the spectrum X. On the contrary, MIHM detected the overlapping and prevented the incorrect subtraction. The coefficients of determination R 2 for extended modified polynomial fitting and MIHM are 0.93 and 0.96, respectively. It demonstrates that the MIHM provides better results for spectral recovery. 
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Results and Discussion
Semi-transparent plastic bottle
Brown glass bottle
Brown glass bottles are common containers in oil refinery and bio-gasoline production. Using this container, technical staff members sample the bio-gasoline products from the field and analyze them in labs. In this experiment, we quantitatively analyze the sample without taking it out from the glass bottle.
To perform the calibration, we should build the training set first. Figure 5 shows the raw Raman spectra of bio-gasoline training set. They are the acquired Raman spectra of the 24 calibration samples. Two steps are required for the spectra processing. The first step is background subtraction. A fifth-order polynomial fitting is applied. 22 The second step is spectrum normalization, which is considered as an effort to overcome the limitations of the single beam nature of Raman spectra. According to Cooper's work, we normalize the entire sample Raman spectrum to the intensity of the 1450 cm -1 band. 23 The processed spectra of the training set are shown in Fig. 6 .
For a test sample in a brown glass bottle, we acquire the two spectra X and Y to extract the true Raman spectrum of the sample. Figure 7 shows the two acquired spectra for a typical test sample. Both spectra exhibit significant signal interference from the brown glass bottle. In spectrum X, Raman peaks of bio-gasoline are not significant, and the spectrum is mainly composed of broad bands originating from the brown glass bottle. The spectra were submitted to the two comparative algorithms. Both algorithms adopted a fifth-order polynomial to represent the baseline.
The extracted spectrum was normalized and then calibrated using PLS model with latent variables of 5. The spectral region is 400 -1800 cm -1 . Figure 8 compares the reference Raman spectrum and the spectra extracted by the two comparative algorithms for a typical test sample. Figure 8A is the reference Raman spectrum of the test sample. The spectrum extracted by extended modify polynomial fitting is shown in Fig. 8B . Inaccurate baseline estimation gave rise to the upturns at the fringes of the extracted spectrum. In Fig. 8C , the MIHM finds a more desirable baseline and finally generates results with better correspondence with the reference Raman spectrum of the test sample. There are mainly two advantages of MHIM compared with extended modified polynomial fitting. First, the peak model in MHIM prevents over-subtraction of the surface spectrum. Second, accurate baseline estimation was achieved using MHIM.
Eight test bio-gasoline samples with known methanol content were measured in this experiment. The actual methanol content for those samples ranged from 0 to 35% with an interval of 5%. We applied the two methods one by one. The finial result varies. For the extended modified polynomial fitting, the standard error of prediction (SEP) is 1.42% and the maximal error is 2.98%. Conversely, the proposed MHIM give a satisfactory calibration result with a SEP of 0.61% and maximal error of 0.9%.
The main limitation of MHIM is the scale of optimization. It consumed about 30 s to generate results for a bio-gasoline sample in this experiment. More works need to be done to improve the computational performance.
Conclusions
We present a new algorithm for non-invasive Raman measurement in which the acquired spectra suffers from interference of the surface layer signal. The algorithm requires two spectra and models one spectrum as a combination of a scaling of the other spectrum, a polynomial baseline and the Raman peaks of the probed sample. To achieve this, the algorithm separates the baseline estimation from the model generation by alternative estimations. The Raman spectrum of the probed sample is finally extracted by subtracting the baseline and the scaled spectrum from the other one. We have applied the algorithm to experimental non-invasive Raman measurements using conventional backscattering geometry. Noticeable improvements were shown in comparison studies. The algorithm clearly has great potential in spectral recovery and further quantitative analysis for non-invasive Raman measurements containing surface interference.
